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Abstract— The stability and monitoring of AC microgrids 
(AC MG) are greatly influenced by gathering sufficient and 
precise information. Since installing several sensors on AC MGs 
is costly and increases AC MG ripple, integrating a minimum 
number of cost-effective sensors is preferred. In this paper, a 
joint-estimating advanced augmented-Kalman filter (KF) to 
estimate the current of the AC MG and unknown time-varying 
loads from the noisy measurement of the AC bus voltage is 
developed. The proposed approach also provides smooth and 
noise-less information from the measured voltage. The 
presented method has less complexity to handle and as a robust 
approach, it would be capable of dealing with uncertainties due 
to the load, which can be linear, nonlinear, or unbalanced. The 
joint-estimating augmented-KF outputs can be then utilized in 
the monitoring, fault detection, and control design purposes. 
The developed framework is tested on an AC MG supplying 
time-varying load and numerical results verify the applicability 
and accuracy of the developed technique to estimate the load 
and filter currents. 
Keywords— AC microgrid (MG); Joint estimation; Kalman 
filter, Unknown time-varying load. 
I. INTRODUCTION 
Transferring electricity for a long distance is generally a 
hard task and economically inappropriate, which led to a new 
tendency of supplying power in a form of islanding mode 
microgrid (MG) [1]. An MG, which can be either of 
alternating current (AC) type, direct current (DC) type, or 
even the hybrid AC/DC type, includes renewable energy 
resources, storage devices, and AC or DC loads [2], [3]. In the 
AC MGs, the main challenging issue is regulating the 
frequency and voltage of the AC bus to securely and reliably 
supply the load [4]. Thereby, distributed generators (DGs) of 
the AC MG are in charge of controlling current, voltage, and 
frequency on their own without any support from the large 
main grid [4]. 
Historically, proportional-integral (PI) controllers are 
utilized for voltage and current control loop [5]. On the other 
hand, the rotating 𝑑𝑞0  reference framework by decoupling 
real and reactive power control and reducing the 
computational burden is preferred. Thereby, proportional-
resonant (PR) controller is suggested to improve the power 
quality and mitigate the total harmonic distortion (THD) [6]. 
Moreover, the MG control should be resilient against grid 
disturbances and uncertainties to have a fast dynamic response 
to be efficient and to provide accurate voltage regulation. 
Thus, different nonlinear control methods such as active 
disturbance rejection [7], sliding mode control [8], feedback 
linearization [9], and state bounds constrained dynamic 
control [10] were presented. Almost all of the nonlinear 
methods, which theoretically assure the stability, require that 
all states are available. Moreover, some of the control 
approaches use the information of the loads’ currents. To 
measure the states and time-varying parameters, it is necessary 
to install several sensors, which is costly and undesirably 
increases the system complexity. Additionally, installing 
current sensors degrades the ripple filtering effect [11]. 
Thereby, it is preferred to install a low number of sensors and 
estimate the other parameters needed in the control law. One 
approach to effectively estimate the parameters is Kalman 
filter (KF), which is robust against stochastic white noise 
[12]–[14]. The KF has been used in power electronics and 
systems, for instance, inductor motors’ flux of rotor [15], 
permanent magnet (PM) flux in permanent magnet 
synchronous machines (PMSM) [16], primary winding 
current in power transformers [17], and the state-of-charge 
(SoC) of electrical energy storage systems of the battery type 
[18], and load power in DC MGs [19].  
Aiming at the above-mentioned problems for the AC MG 
and successful implementation of KFs, this paper develops a 
cost-effective augmented-KF for the AC MG states and loads’ 
currents estimation. Based on the suggested approach, less 
measuring instruments are required while it prevents the ripple 
filtering problem. Also, estimating the loads’ currents in an 
online way would result in a framework to monitor the AC 
MG system. The loads’ currents are taken as new artificial 
states associated with the vector of the state of the AC MG so 
that they can be estimated. Owing to the innate resiliency of 
joint-estimating augmented-KF when facing measurements 
associated with noise and removing any additional current 
sensors, the developed approach is both practical and 
economical. The presented joint-estimating augmented-KF is 
then utilized on an AC MG, whose voltage should be 
determined. The measured voltage would be transformed 
through the Park’s transformation to provide the information 
in the 𝑑𝑞0 framework and then, the augmented system states 
are estimated.  
The remainder of the paper is organized as follows: 
Section II provides the mathematical modelling of the AC 
MG, while the KF technique is proposed in section III. Section 
IV includes the results obtained from simulating the 
developed technique on a case study to verify the effectiveness 
and efficiency of the suggested method. The related 
conclusion beside the future works are also included in 
Section V. 
 
Fig. 1: Illustration of a stand-alone AC MG. 
II. AC MICROGRIDTOPOLOGY AND DYNAMIC 
A general AC MG including different linear and nonlinear 
loads, different AC and DC sources, and energy storage 
systems is depicted in Fig. 1. 
More specifically, consider that a stand-alone three-leg 
AC MG is fed using a tightly regulated DC supply connected 
to the AC MG via a DC/AC inverter. Each leg of the inverter 
comprises an anti-parallel IGBT and diode-based bidirectional 
switches to generate a controllable terminal voltage. The AC 
MG feeds several unknown three-phase loads, which in 
general can be linear, nonlinear, unbalanced, or time-varying, 
as illustrated in  Fig. 2. The system dynamics within the 𝑑𝑞0 

























= −𝑣𝑜𝑞 − 𝑟𝑓𝑖𝑖𝑞 − 𝜔𝐿𝑓𝑖𝑖𝑑 + 𝑣𝑖𝑞
 (1) 
where 𝑖𝑜𝑑  and 𝑖𝑜𝑞  are the load currents, 𝑖𝑖𝑑  and 𝑖𝑖𝑞  are the 
inverter currents, and 𝑣𝑜𝑑 and 𝑣𝑜𝑞  are the load voltages in the 
𝑑𝑞0  framework. Also, 𝐶𝑓 , 𝑟𝑓 , and 𝐿𝑓  are the capacitance, 
resistive, and inductive terms of the RLC filter. The load 
currents 𝑖𝑜𝑑 and 𝑖𝑜𝑞  are unknown. By defining the state vector 
𝑥 = [𝑥1  𝑥2  𝑥3  𝑥4]
𝑇 = [𝑣𝑜𝑑    𝑣𝑜𝑞    𝑖𝑖𝑑    𝑖𝑖𝑞]
𝑇
, and the input 
vector 𝑢 = [𝑢1  𝑢2]
𝑇 = [𝑣𝑖𝑑    𝑣𝑖𝑞]
𝑇
, external disturbance 
input 𝑑 = [𝑑1    𝑑2]
𝑇 = [𝑖𝑜𝑑    𝑖𝑜𝑞]
𝑇
, the dynamics (1) are re-
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To perform a highly reliable control action and 
monitoring, it is necessary to gather the information of the 
states and disturbances of the AC MG.  
By connecting the sensors of current in series, the output 
impedance would rise while it diminishes the ripple filtering 
[11].  
It is also noteworthy that adding any additional sensor may 
complicate the system and cause more expenses. Moreover, 
practical sensors are non-ideal with the stochastic noise. 
Therefore, it is preferred to estimate the currents of the AC 
MG, including 𝑖𝑖𝑑 , 𝑖𝑖𝑞 , 𝑖𝑜𝑑 , and 𝑖𝑜𝑞  from the noisy 
measurements of its voltages 𝑣𝑜𝑑 and 𝑣𝑜𝑞 . 
In the following, a KF method with the so-called “joint 
estimation” is developed for the AC MG dynamics (2). 
III. DEVELOPED AUGMENTED-KALMAN FILTER 
This section is devoted to developing the conventional KF 
for the case study of the AC MG. The developed KF should 
be able to I) estimate the values of the states 𝑥3 and 𝑥4, II) 
smooth the noisy values of the states 𝑥1  and 𝑥2 , and III) 
estimate the external disturbances 𝑑1 and 𝑑2. To achieve this 
goal, the unknown external disturbance input vector 𝑑  is 
included in the augmented states of the KF. Such an approach 
is known as the joint estimation method, and it is shown to be 
effective in both estimating the states and disturbances of a 
system [13]. Accordingly, the augmented state vector of the 





Since the dynamics of the loads are unknown, the 
conventional way is to consider as [13]: 
?̇? = 0 (4) 
Letting 𝑑 = [𝑑1, 𝑑2]
𝑇 and substituting (2) and (4) into the 
dynamics of the augmented state (3), the state-space model of 
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𝑢 = 𝐴𝑥𝐾𝐹 + 𝐵𝑢 
(5) 
Also, the output vector 𝑦 = [𝑦1  𝑦2]
𝑇 = [𝑣𝑜𝑑    𝑣𝑜𝑞]
𝑇
of the 
augmented-KF technique can be re-stated using the 
augmented state vector as below: 
𝑦 = [
1 0 0 0 0 0
0 1 0 0 0 0
















Fig. 2: The simplified schematic of one leg of the AC MG.  
By recalling (5) and (6) and integrating the system and 
measurement noises, respectively denoted by 𝑤 and 𝑣, (7) is 
obtained. 
{
?̇?𝑒𝑘𝑓 = 𝐴𝑥𝐾𝐹 + 𝐵𝑢 + 𝑤
𝑦 = 𝐻𝑥𝐾𝐹 + 𝑣                
 (7) 
where 𝑤 and 𝑣 are considered white noises with zero mean 
and co-variance matrices Q and R, respectively indicate the 
associated covariance matrices.  
Comparing (2) with (7) reveals that the original 𝑑𝑞0 
system representation has five states, meanwhile the 
augmented system in augmented-KF contains 7 states. 
The forward Euler technique is used to discretize the 
presented model in (7) as: 
{
𝑥𝐾𝐹,𝑘+1 = (𝐼 + 𝑇𝑠𝐴)𝑥𝐾𝐹,𝑘 + 𝑇𝐵𝑢𝑘 + 𝑤𝑘
𝑦𝑘 = 𝐻𝑥𝐾𝐹 + 𝑣𝑘                                             
 (8) 
where 𝑇𝑠 denotes the discretizing time and the discrete sample 
number is indicated by 𝑘. The developed joint-estimating-KF 
method is briefly stated as below: 
 Time Update 
?̂?𝐾𝐹,𝑘
− = ?̂?𝐾𝐹,𝑘−1 + (𝐼 + 𝑇𝑠𝐴)𝑥𝐾𝐹,𝑘 + 𝑇𝐵𝑢𝑘 
𝑃𝐾𝐹,𝑘
− = 𝐴𝑃𝐾𝐹,𝑘−1𝐴
𝑇 + 𝑄𝑘−1                            
 (9) 








− + 𝐾𝑘(𝑦𝑘 − 𝐻?̂?𝐾𝐹,𝑘
− )        
𝑃𝐾𝐹,𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)𝑃𝐾𝐹,𝑘
−                          
    (10) 
where the predicted states vector is denoted by ?̂?𝐾𝐹,𝑘
−  and 
𝑃𝐾𝐹,𝑘
−  indicates the predicted covariance matrix relating to the 
states ahead of taking into account the measurements.  
Furthermore, having taken into account the measurements, the 
estimated states vector is shown by ?̂?𝐾𝐹,𝑘  and the estimated 
states covariance matrix is indicated by 𝑃𝐾𝐹,𝑘. The gain of the 
filter is expressed by 𝐾𝐾𝐹,𝑘. This parameter specifies to what 
extent the predictions must be updated in every instance.     
The scheme of the proposed measurement and estimation 
technique is illustrated in Fig. 3. After measuring the voltages 
of the AC bus, the Park’s transformation is utilized to obtain 
the information in the 𝑑𝑞0 framework. Then, the suggested 
joint-estimating augmented-KF is utilized to I) estimate the 
currents of the filter and unknown loads and II) provide the 
noise-less information of the noisy measurements. Then, the 
online computed states and disturbances can be directly 
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 Monitoring  
 Fault detection 




IV. SIMULATION RESULTS 
This section presents the results obtained from simulating 
the developed method in this paper. In this respect, Table I 
represents the parameters of the studied AC MG. 
𝑥𝐾𝐹,0 = [100   100    0    0    0   0]
𝑇 shows the augmented 
states initial values to perform the estimation. Moreover, (11) 
represents the values of 𝑅, 𝑄, and 𝑃𝐾𝐹,0: 
𝑅 = 102𝐼
𝑄 = 5 × 10−3𝐼
𝑃𝐾𝐹,0 = 10𝐼
 (11) 
The developed KF technique is simulated in two different 
scenarios to verify its performance. The load characteristics 
change promptly and slowly in the first and second scenarios, 
respectively. In both scenarios, the control inputs are fixed as 
𝑢1 = 𝑢2 = 250 𝑉. The reason is that, in this paper, only the 
state measurement and estimation are considered and voltage 
sourced control issue is not addressed. 
Scenario 1 (Stepwise variation of load): The load varies 
abruptly at several instances which is quite usual in practical 
applications when some loads are connected or disconnected 
to/from the AC MG. The joint-estimating KF is applied to 
estimate the currents and voltages of the AC MG. Fig. 4 
illustrates the actual as well as the estimated values of the 
augmented states.  
Fig. 4 reveals that the suggested augmented-KF estimates 
the augmented states fast and accurately. Particularly, it can 
be implied from Fig. 4 that once the load is quickly altered, an 
abrupt error would appear in the output of the developed 
augmented-KF, but it is treated fast. After that, the error of 













Fig. 4: Augmented system states of the AC MG_Scenario 1. (a). 
𝑣𝑜𝑑, (b). 𝑣𝑜𝑞, (c). 𝑖𝑖𝑑, (d). 𝑖𝑖𝑞 , (e). 𝑖𝑜𝑑, (f). 𝑖𝑜𝑞 . 
 
Table I. SYSTEM AND LOAD PARAMETERS. 
Parameter Value Parameter Value 
𝑢1, 𝑢2 250 𝑉 𝐶𝑓 15 𝜇𝐹 
𝑟𝑓 0.2 Ω 𝑟𝑙𝑜𝑎𝑑 40~120 Ω 
𝐿𝑓 2.4 𝑚𝐻 𝜔 50 𝐻𝑧 
 
Scenario 2 (periodic slowly variation of load): This case 
investigates the slow change of the load characteristics. This 
slow change is originated from the fact that loads are 
dependent on different factors such as temperature in practical 
applications. Fig. 5 depicts the actual and estimated values of 













Fig. 5: Augmented system states of the AC MG_Scenario 2. (a). 
𝑣𝑜𝑑, (b). 𝑣𝑜𝑞, (c). 𝑖𝑖𝑑, (d). 𝑖𝑖𝑞 , (e). 𝑖𝑜𝑑, (f). 𝑖𝑜𝑞 . 
 
Fig 5 reveals that the KF accurately estimates slowly 
varying loads. It is inferred from Fig. 5 that the estimations 
have one step delay with respect to the actual value.  
V. CONCLUSION 
  In this paper, a joint-estimating augmented-KF was 
developed for the filters’ and loads’ currents in AC MGs 
estimation. The suggested approach avoids installing current 
sensors, which reduces the cost of practical systems. Using the 
presented augmented-KF algorithm, both the system states 
and the uncertain load currents in the presence of noisy 
measurements were estimated. The numerical results 
illustrated the capability of the considered augmented-KF in 
estimating states and unknown loads’ characteristics for both 
cases of abrupt and continuous variations. The presented 
technique in this paper can be extended as follows: I), other 
types of estimators such as Luenberger observer or 
disturbance observer can be utilized. II), selecting optimal 
values for the augmented-KF matrices is an important topic. 
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